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3.1 HEMBIEFIATENEY (WEE)

3.1.1 Sokooti H, Vos B D, Berendsen F, et al. Nonrigid Image
Registration Using Multi-scale 3D Convolutional Neural Networks

(MICCAI 2017)
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Fig. 1. RegNet design.
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3.1.2 Marc-Michel Rohé, Datar M, Heimann T, et al. SVF-Net:
Learning Deformable Image Registration Using Shape Matching

(MICCAI 2017)
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Fig. 1. Example of a reference deformation SVF (red vector field scaled at 0.3) com-
puted from two segmented surfaces. The moving image is shown with the segmentation
of the myocardium of the fixed (orange) and moving (blue) images. (Left): Short-axis
view. (Right): Longitudinal view.
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Fig. 2. Fully convolutional neural networks architecture for 3D registration.
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3.2 HEMBIEFIATRENEY QERES)

3.2.1 Cao X, Yang ], Zhang ], et al. Deformable Image Registration

based on Similarity-Steered CNN Regression (MICCAI 2017)
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Fig. 1. The framework of the proposed similarity-steered CNN regression for deformable image
registration. The input image pair has already been linearly aligned. Here, we use 2D examples
for easy illustration, while our implementations are in 3D.
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DSC (%)

GM WM CSF
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3.2.2 Fan ], Cao X, Xue Z, et al. Adversarial Similarity Network for
Evaluating Image Alighment in Deep Learning Based Registration

(MICCAI 2018)
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Fig. 2. The discrimination network.
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Table 1. Mean DSC (%) on LPBA40, IBSR18, CUMCI12, and MGHI10 datasets.

Dataset | D.Demons | SyN Supervised | Supervised Supervised | Proposed
by GT by SSD by CC method
LPBA40 |68.7 £2.4|713 £1.8(70.7 23 (704 +22 |[71.2+28 |71.8+23
IBSRI8 [54.6 £2.2|574 £24(524 3.1 [531+18 |[542+34 |[57.8 127
CUMCI12 |53.1 3.4 541 £2.8(52.7 +3.1 [51.6+23 |[51.8+4.1 |544+29
MGHI10 (604 +£2.5|624 £24(597+25 |582+16 |596=+29 |61.7=+2.1

MECHETT KT, SRR k45 i #E 7 #5-D.Demons 15 SyN foxftE, RIS SyN



FHIE, BEART D.Demons. MERTIEKRE, LM SN2 T GT. SSD.
CC(Cross correlation) 5 & FHAHBAYE B &1 .

3.2.3 Hu Y, Gibson E, Ghavami N, et al. Adversarial Deformation
Regularization for Training Image Registration Neural Networks

(MICCAI 2018)
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3.3.1 Wang H, Zhang R. Atlas Propagation Through Template

Selection (MICCAI 2018)
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Fig. 2. (a) Axial (left) and coronal (right) views of one CT image with manual anno-
tations. (b) One template image at 2, 10, and 15 mm® resolutions, respectively.
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Fig. 1. Atlas propagation through a single selected template.
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3.4 HAMHE

3.4.1 Q-learning

Ma K, Wang ], Singh V, et al. Multimodal Image Registration with

Deep Context Reinforcement Learning (MICCAI 2017)
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3.4.2 BAE T

Uzunova H, Wilms M, Handels H, et al. Training CNNs for Image
Registration from Few Samples with Model-based Data

Augmentation (MICCAI 2017)
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models. Note the different number of training samples (2nd, 4th column). Superscripts
indicate statistically significant differences to FlowNet SAM (¢:p < 0.01, %:p < 0.001).

Method Brains (Jaccard) Cardiac (contour dist.)
# train | mean(+std) # train | mean(+std)
Before reg 0.460 + 0.063" 6.163 + 2.472"
VarReg (training data) 0.563 + 0.053 2.250 £ 0.755
VarReg (test data) 0.562 + 0.051° 3.437 + 2.427"
FlowNet (pre-trained) 22232 |0.507 + 0.053* |22232 |8.171 + 6.981"
FlowNet-Reg 945 |0.547 £ 0.049* | 600 |3.053 £ 0.910*
FlowNet-Random 9698 | 0.505 £+ 0.077 | 9698 | 7.785 £ 5.430"
FlowNet-SAM 9572 |0.568 £ 0.042 | 9572 |2.670 £ 0.930
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3.4.3. 2 ERRIINEE

Kybic ], Borovec ]. Fast Registration by Boundary Sampling and

Linear Programming (MICCAI 2018)
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